their Seasonal Forecasting System 4. The reforecasts were initialized on 1 April every year for the period 1981-2010. In these seasonal reforecasts, the snow is initialized "realistically" with ERA-Interim/Land Reanalysis. In addition, we carried out an additional set of forecasts, identical in all aspects except that initial conditions for snow-related land surface variables over the HTP region are randomized. We show that high snow depth over HTP influences the meridional tropospheric temperature gradient reversal that marks the monsoon onset. Composite difference based on a normalized HTP snow index reveal that, in high snow years, (1) the onset is delayed by about 8 days, and (2) negative precipitation anomalies and warm surface conditions prevail over India. We show that about half of this delay can be attributed to the realistic initialization of snow over the HTP region. We further demonstrate that high April snow depths over HTP are not uniquely influenced by El Nino-Southern Oscillation, the Indian Ocean Dipole or the North Atlantic Oscillation.
Introduction
The Indian Summer Monsoon (ISM) is one of the climate phenomena with the strongest social and economic impact, and affects one of the most densely populated parts of the world. The ISM is a manifestation of the coupled oceanatmosphere-land system, influenced by high orography. While total seasonal rainfall and its intra-seasonal variability in the active and break periods often have the largest societal impacts, the monsoon onset is nevertheless a date that significantly affects human activities over the Indian peninsula. Hence, the prediction of monsoon onset and rainfall has been an important research activity for decades (e.g., Webster et al. 1998; Krishnamurti et al. 2006; Turner and Annamalai 2012; Goswami and Krishnan 2013) .
While visibly manifested as a rapid and intense spell of rainfall over the Indian sub-continent, at a fundamental level however, the monsoon onset is marked by the seasonal reversal of the meridional tropospheric temperature gradient (TTG) over the Indian monsoon region (Li and Yanai 1996; Xavier et al. 2007 ). The north-south gradient switches from a negative to a positive value at the monsoon onset resulting mainly from the deep tropospheric heating over the Himalayan and Tibetan Plateau (HTP) region during the pre-monsoon period (April-May, Yanai and Wu 2006) , which is faster than on oceanic areas to the south (Dai et al. 2013 ). This land heating allows conditions favourable for the northward migration of convection regions, away from the equator.
The first suggestion of an inverse relationship between the springtime Himalayan snowpack and subsequent rainfall over the Indian sub-continent was hypothesized by Blanford (1884) . The current reasoning and the physical basis for this Blanford hypothesis would be that a thick snowpack over the HTP region would have a local feedback effect. Snow-covered land can influence the above-lying atmosphere because of its remarkable insulating and reflecting properties and of the snowpack role in the hydrological cycle (e.g., Cohen and Entekhabi 2001; Xu and Dirmeyer 2011; Orsolini et al. 2013) . Excessive snow cover due to its high reflectance, reduces net solar radiation and thereby decreases the land surface temperature (snow-albedo effect). Also, excessive snow accumulation during winter and spring leads to colder surface temperature as a significant portion of the incoming solar radiation is used up in melting the snow pack and evaporating cooling of the resultant soil moisture (snow-hydrology effect). Further, a thick snow pack insulates the overlying air from the soil layer below (snow-thermodynamic effect). The net resultant decrease in the surface sensible heating of the overlying air, and thus the reduced deep heating of the troposphere, weakens the TTG, delaying the ISM onset.
The first study on the HTP snow-monsoon linkage in the modern era was the observational study of Hahn and Shukla (1976) . Using satellite imagery, they found an inverse relation between Eurasian winter snow cover and the Indian summer monsoon rainfall (ISMR) based on only 9 years of data. Dickson (1984) substantiated the above study with an additional 5 years of data and extended the result to the Himalayan region. Kripalani et al. (2003) also used satellite snow cover data for 1986-2000 and found that the inverse relationship between spring snow cover and ISMR remained robust. Saha et al. (2013) focused on mid and high latitudes and found a correlation between ISMR and an east-west dipole pattern in snow depth across Eurasia in the assimilated European Space Agency (ESA) GlobSnow dataset. Concordant conclusions on a high snow/delayed ISM linkage were not found in all observational studies. Bamzai and Shukla (1999) used 22 years of satellite-derived snowcover data but found no significant correlation between Himalayan seasonal snow cover and ISMR. Robock (2003) found higher than normal Tibetan snow cover in winter and spring preceding strong ISM rainfall. Hence, differences remain, depending on whether snow depth or snow cover was considered, and on the nature of the snow observations. Several modeling studies have also addressed the Blanford hypothesis and tried to identify a snow-monsoon relationship, but again with mixed results. Peings and Douville (2010) could not find a definite and consistent relationship between Himalayan snow cover and the ISM in the different CMIP3 model simulations. However, Fasullo (2004) confirmed the Blanford mechanism during non-ENSO years, but noted that ENSO overwhelmed the influence of snow in other years. Turner and Slingo (2011) and Saha et al. (2013) demonstrated that snow forcing reduced tropospheric heating and weakened the monsoon development. In particular, Turner and Slingo (2011) found that the effect of snow-albedo feedback was the major contributor to tropospheric cooling over the HTP and thereby more critical to the Blanford mechanism in their model than the snow-hydrology effect.
The implications of these studies for seasonal forecasting with modern dynamical prediction systems have been little explored. The skill of these systems in predicting the ISM onset is still limited (Cherchi and Navarra 2003; Li and Zhang 2009; Alessandri et al. 2015) , although some progress has been made on prediction of June monsoon rainfall with monthly forecast systems (Vitart and Molteni 2009 ). Atmospheric GCMs generally tend to show an early mean onset of the monsoon (e.g., Wang et al. 2004) , while most coupled GCMs have delayed onsets (e.g., Kripalani et al. 2007; Zhang et al. 2012; Sperber et al. 2013) . Realistic initialization of the atmosphere has recently been shown to improve the simulation of early onset (Alessandri et al. 2015) , impacting the forecasts up to about a month. For the purpose of further improving the subseasonal-to-seasonal prediction skill of state-of-the-art dynamical prediction systems, there has been renewed interest in tapping into the potential of the land surface, hence also in improving the initialization of the land component. The impact of realistic initialization of soil moisture on actual subseasonal-to-seasonal predictability of surface temperature and precipitation was investigated in the multi-model intercomparison, Global Land-Atmosphere Coupling Experiment (Koster et al. 2010; GLACE2, e.g., van den Hurk et al. 2012) . The strategy consisted of carrying out a twin-set of historical, ensemble forecasts differing only in the soil moisture initialization. More recently, a few studies adopted the same strategy to investigate the impact of snow initialization (Jeong et al. 2013; Orsolini et al. 2013 ).
The aim of this paper is to investigate the impact of realistic snow initialization over the HTP region on predicting the onset of the ISM, and on verifying the Blanford hypothesis using a state-of-the-art seasonal forecasting system. In order to attribute monsoon onset changes to the snow initialization over the HTP region, we adopt a twin forecast strategy similar to the one used in GLACE2 (Koster et al. 2010) , comparing an ensemble of forecasts with realistic initialization with another set where snow initial conditions over HTP are randomized and unrealistic.
2 Model, data and methodology
Forecast model
Our twin-set of experiments is based on the ECMWF Seasonal Forecasting System 4, which comprises the IFS atmospheric model coupled to the NEMO Ocean model with a data assimilation system. Compared to the previous System 3 ( Stockdale et al. 2011) , System 4 now includes a new land surface scheme (H-TESSEL), a 1-layer snow model and land surface initialization (see Molteni et al. 2011 for more details). The key thermodynamical and radiative feedbacks arising from snow covered land are at least partly incorporated in H-TESSEL, and the new snow scheme leads to a more effective insulation, and hence a further cooling of the near-surface atmosphere (Dutra et al. 2011 ) than the one previously used in the operational model. The first set of forecasts, which we call the realistic "Series 1" experiments, comprises the 4-month long 15-member ensemble simulations starting on 1 April each year for the period 1981-2010, part of the operational "System 4" seasonal historical reforecasts made at ECMWF.
We then performed a second 15-member ensemble simulation, hereafter Series 2, which is identical to Series 1 in all aspects except that that initial conditions (IC) for snow-related land surface variables over the HTP region (hereafter defined as 27°N-40°N, 70°E-100°E) are randomized in a systematic manner, using 1 April IC from years between 1981 and 2010. The randomized variables are snow depth, snow density, snow albedo, snow layer temperature, soil moisture, soil temperature and skin temperature. Both series have realistic initial atmospheric and oceanic states, derived from ERA-Interim reanalysis (Dee et al. 2011) and from ORA-S4 oceanic reanalysis (Balmaseda et al. 2013) , respectively.
Land reanalysis and ancillary in situ data
The initial land states are derived from the ERA-Interim/ Land reanalysis (Balsamo et al. 2015) . ERA-Interim/Land is a global land surface reanalysis dataset based on a landsurface model forced with near-surface meteorological parameters from ERA-Interim. To assess the quality of snow depth from the ERA-Interim/Land reanalysis over HTP, we use available station data over that region for the period 1980-2009. Station data comprise observations of monthly maximum snow depth from 47 locations over the Tibetan plateau, provided by the Tibetan Meteorological Bureau in Lhasa. The stations are located mostly over the most accessible central and eastern part of the plateau, to the east of 85°E. They also tend to be located in inhabited valleys. Land data. The actual time series of snow depth (cm) averaged over the 47 stations and the corresponding average of collocated values from ERA-Interim/Land (after assigning proper weights for multiple station locations within the same reanalysis grid box) are also shown in the inset of Fig. 1 . The correlation (r = 0.57) between the two April time series is significant (at 99 %), indicating that the land reanalysis data has some realistic degree of skill at reproducing inter-annual variability. We focus on April, since the mean and variability of HTP snowpack remains large during that month, before decreasing sharply in May-June. Furthermore, April snow depth is a reflection of snow accumulation over the winter period and the HTP snow depth in April is highly correlated with earlier months. Composite analyses are performed based on the normalized April HTP snow depth (Fig. 1 ). The seven high and low snow years used in the composites correspond to an exceedance of 0.9 times the standard deviation and are listed in Table 1 . A Monte-Carlo bootstrapping method consisting of 1000 random resampling of the field time-series at each grid point is used to test the significance of the composite fields. Glaciers in ERA-Interim and in the forecast model are represented by grid points with constant value of 10 cm of snow water equivalent. Such glaciers are masked before computing the area-averaged snow depth in our analysis.
Snow index

Modelled mean monsoon
The fidelity of the forecast model in reproducing the main observed features of the climatological seasonal mean rainfall is assessed by comparing the model June to September mean precipitation with the Global Precipitation Climatology Project (GPCP) version 2.2 dataset (Adler et al. 2003) and the IMD gridded rainfall data (Pai et al. 2015) for the 1981-2010 period. The GPCP is a monthly precipitation dataset from 1979-present that combines in situ observations and satellite precipitation data into 2.5° × 2.5° global grids. The IMD data is based on daily station rain gauge data mapped onto a high resolution 0.25° × 0.25° grid. The forecast model is in good comparison with GPCP and IMD (Fig. 2) . The pattern of intense rainfall along the Western Ghats, the rainfall maxima over central-eastern India and the Himalayan belt, and the rain shadow region over eastern peninsular India seen in the forecast model is in good agreement with both the GPCP and the IMD products. Over the oceanic region, the pattern and magnitude of precipitation over the western Indian Ocean and the eastern equatorial Indian Ocean seen in GPCP are reasonably well reproduced by the forecast model. 
Monsoon onset index
In many studies, the ISM has been represented by the Juneto-September mean of the All-India Rainfall, which is a weighted average of rainfall over 29 meteorological subdivisions over India. The onset date has traditionally been determined based on arbitrary precipitation thresholds (e.g., Ananthakrishnan et al. 1967; Wang and LinHo 2002) and, 
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as noted by Xavier et al. (2007) , such arbitrary representation of the monsoon rainfall can affect its inter-annual variability, and lead to bogus onsets (Flatau et al. 2001 ). Therefore, objective methods based on rainfall (Ananthakrishnan and Soman 1988 ) and large-scale dynamical indicators of the onset have been proposed (Fasullo and Webster 2003; Goswami and Xavier 2005; Wang et al. 2009 ). Furthermore, since precipitation is still poorly modelled by forecast systems, an objective variable that is reasonably well reproduced by the models has to be selected (e.g., Alessandri et al. 2015) . In this study, we are essentially looking at large scale and slowly evolving patterns, and therefore, we use the thermodynamic based definition of ISM onset following Xavier et al. (2007) and Prodhomme et al. (2015) . This definition is based on the TTG reversal over the ISM region. The TTG is defined as the vertically integrated tropospheric (200-600 hPa) temperature difference, between a northern region (5°N-35°N) and southern region (15°S-5°N) over 40°E-100°E. The monsoon onset is defined as the day of the first change of sign of TTG from negative to positive with the sign remaining positive for at least 5 days to prevent bogus onsets. The importance of incorporating the mid-tropospheric temperature variations was highlighted by Dai et al. (2013) , who further compared the TTG diagnostic to other traditional indices based on vertical wind shear. The forecast model (Series 1) mean onset date (based on ensemble mean TTG) is 26 th May, while in ERA-interim it is 29th May (Table 2), i.e. around 3 days later. We will come back to this onset bias issue in Sect. 3. The onset inter-annual variability in the Series 1 is in good agreement with ERAInterim (Fig. 3) , with a significant correlation of 0.77. There is however, less variability in the forecast model onset in the last decade (2000s). Consequently, the standard deviation of the forecast model onset (5.5 days) is lower than that of ERA-Interim (8 days). Typical rainfall-based estimates of standard deviation vary between 5.5 to 9 days depending on the methodology used. The RMSE of onset day between Series 1 and ERA-Interim is around 5 days.
Climate patterns
Large scale modes of climate variability like ENSO, the Indian Ocean Dipole (IOD) and the North Atlantic Oscillation (NAO) could influence the snow depth over HTP in spring. Indicators of such teleconnections are therefore calculated using the ERA-Interim reanalysis for the preceding autumn or winter season, when these modes peak. Thus, for ENSO, we use 5-month running mean SST anomaly in the preceding December over the Niño 3.4 region (120°W-170°W, 5°S-5°N). Following Trenberth (1997), we define El Niño and La Nina years as those when the 5-month running mean SST in the Niño 3.4 region (120°W-170°W, 5°S-5°N) exceeds +0.4 °C and −0.4 °C respectively. IOD is defined, following Saji et al. (1999) , as the normalized SST anomaly difference between the western equatorial Indian Ocean (50°E-70°E, 10°S-10°N ) and the southeastern equatorial Indian Ocean (90°E-110°E, 10°S-0°N ) for the preceding September-October season. Positive (negative) IOD years are based on criteria that the normalized index is greater (lesser) than 0.8 (−0.8) times the standard 
Results
In order to gain insight into the spatial structure and evolution of the circulation anomalies associated with extremes of April snow over the HTP region, we first perform a composite analysis based on the normalized April HTP snow depth index, extending from the pre-monsoon and through the onset period (April to June).
Composite time-evolution of HTP snow
The seasonal evolution of snow depth over HTP from the composited high and low snow years is shown in Fig. 4 , for the Series 1 forecasts (blue curves) and for ERA-Interim/ Land (green curves). We will comment on the curves for Series 2 later. We note the high bias in Series 1 after the initial date leading to an excessively persistent snowpack in both high and low snow years, which may indicate that the forecast model produces excessive snow depths compared to the ERA-Interim analysis used to drive ERA-Interim/ Land. Figure 5 shows the composite evolution of the difference of 2 m temperature between years of high and low April HTP snow depth in Series 1. Cold surface temperature anomalies persist over HTP and large surrounding areas in April (Fig. 5a ). As the season progresses, the cooling area is more localized over the HTP region (Fig. 5b) . This is consistent with an anomalously thick snowpack better insulating the atmosphere from the soil layers below (e.g., Dutra et al. 2011; Orsolini et al. 2013) . It also increases the short-wave albedo at a time of year when solar radiation gets stronger, and both effects would lead to a cold surface anomaly. Not only does the increased snowpack in April reduce the sensible heating near the surface, but also the deep heating of the troposphere: the composite of the tropospheric temperature (200-600 hPa) shows a large region of cooling over the Tibetan Plateau and surrounding areas (Fig. 5d) , which persists in May (Fig. 5e) . Hence, the cold dome of air over the HTP region is reinforced by the presence of a thicker than normal snowpack. Interestingly however, warm surface temperature anomalies appear over the Indian sub-continent in late May (Fig. 5b ) that persist and strengthen in June (Fig. 5c ). Precipitation composites shows negative precipitation anomalies covering the eastern Arabian Sea, along the west-coast of the Indian peninsula and most of Bay of Bengal in May (Fig. 5h) and spreads to the northern part of the Indian sub-continent by June (Fig. 5i) . In summary, the negative precipitation anomalies and persisting dry and warm surface conditions over India indicate a delayed monsoon onset when the HTP snowpack in April is anomalously high. Finally, moisture availability is analyzed using vertically integrated (from surface to 1 hPa) moisture flux vectors. The composite difference reveals an anomalous westward flux at low latitudes (e.g., 0-20°N), which indicates reduced moisture availability to the Indian sub-continent in May (Fig. 5k) since it opposes the climatological southwesterly monsoonal flux that brings moisture into the monsoon region.
Composite analysis of temperature, precipitation and moisture flux
Corresponding composite differences for ERA-Interim are shown in Fig. 6 and, in spite of the high model snow bias, the patterns are largely in agreement with the forecast model. The cold surface temperature anomalies in April over the HTP region (Fig. 6a) , enhanced tropospheric cooling (Fig. 6d, e) , reduced moisture availability (Fig. 6k) and ) as a difference between high and low April HTP snow years for the 1981-2010 period warm surface anomalies over the continent later in June (Fig. 6b) are consistent with the forecast model patterns. The precipitation pattern (Fig. 6g-i) shows some differences compared to the forecast model, and this is not unexpected given that precipitation is, in general, a difficult field to model (e.g., Sperber et al. 2013) .
The delayed onset is further evident in the time series of the seasonal evolution of the ensemble-mean TTG (Fig. 7a) , which shows that the monsoon onset, defined as the change of sign of the TTG, for the high snow years (blue lines) is clearly delayed with respect to the low snow years (red lines). The composite difference between the monsoon onset for the high snow and low snow years is about 8 days, which is significant at 95 % based on a Monte-Carlo bootstrapping method. Note that the onset time corresponds to a lead of about 2 months, as the forecasts start in April. The TTG values for high and low snow years are indistinguishable in the first few days of the simulation, and the separation between the high and low snow years starts after about 10 days. TTG from the ERA-Interim reanalysis (Fig. 7b) shows larger dayto-day and intra-seasonal variability for both the high and low snow years. The composite difference between the monsoon onset for the high snow and low snow years for ERA-Interim is about 9 days, close to the model value of around 8 days.
We have furthermore analyzed the daily, gridded IMD data set for the 1981-2010 period. We find that composite difference in rainfall for the first 2 weeks of June between years of high and low April HTP snow depth (Fig. 8) are consistent with the forecast model and reanalysis results: negative precipitation anomalies over most the south-western coast of India and over central and eastern parts of the sub-continent are indicative of a delayed monsoon onset. Over southeastern India, the composite difference shows a weak positive rainfall anomaly, which can be related to the enhanced westward flux of moisture (Fig. 5i) , bringing moist oceanic air to the land. Furthermore, the composite of the total ISM rainfall for the 2 weeks of June for the high snow years (214.9 mm) is lower than that for the low snow years (295.9) mm.
Composite analysis of snow depth
A comparison of the April HTP snow depth time series (Fig. 1 ) and the monsoon onset time series (Fig. 3) show that not all high or low April HTP snow years show a oneto-one correspondence with late or early monsoon years. We find that 2 out of the 7 high snow years correspond to late onset and 3 out of the 7 late snow years correspond to early onset. However, the correlation between the April HTP snow and monsoon onset is 0.52 which is significant at 99 % based on a student t test. Therefore, to further confirm the relation between high HTP snow depth and delayed monsoon onset, we investigate the reciprocal snow-monsoon relation by performing a composite analysis of the snow depth based on early and late monsoon onset years. The composites are based on five early and late onset years corresponding to an exceedance of one standard deviation of the times series of forecast model onset date in Fig. 3 . Large positive snow depth anomalies over the HTP region in spring (February-March-April, Fig. 9b, c) in ERA-Interim and in Series 1 in April (Fig. 9d) correspond to a delayed onset of the monsoon, confirming the relation found using the snow composites. There is also a region of positive snow depth anomaly over west central Eurasia in March in ERA-Interim and April in Series 1. However, we do not find an indication of the east-west dipole reported in some previous studies that have explored the relationship between the strength of the ISM rainfall and Eurasia snow cover (Peings and Douville 2010) or snow depths (Saha et al. 2013) . It is to be noted that the central and northern Eurasian regions appear larger because of the distortion due to the map projection.
Impact of realistic snow over HTP
To assess the impact of realistic springtime HTP snow initial condition on the monsoon onset, we contrast Series 1 against the "unrealistic" Series 2. We perform composite analyses similar to Series 1 except that in Series 2, only members with snow depth IC values smaller (greater) than 0.5 times the climatological mean are used to calculate the ensemble mean for the high (low) snow years. This last step is to ensure that, in high snow years for example, we contrast Series 1 against an ensemble of low snow years from Series 2 and not another ensemble comprising also high snow years. The time evolution of composite HTP snow for the high and low snow years from Series 2 is shown as red curves in Fig. 2 . Interestingly, we note a similar rebuilding of the snowpack in Series 2 (red solid line) as in Series 1, which indicates that the atmosphere is pre-conditioned for a snow buildup in high snow years.
The time series of onset dates from Series 2 shown in Fig. 3 has a lower correlation against ERA-Interim than Series 1 had. The RMSE of onset day between Series 2 and ERA-Interim is 5.5 days, larger when compared to Series 1. The mean onset date in Series 2 is May 25th (Table 2) and the corresponding composite difference between high and low snow years is 4 days, compared to 8 days in Series 1. Thus, according to our methodology, about half of the delay in monsoon onset is attributed to the impact of realistic snow initialization over the HTP region. The rest of the delay could arise from snow initialization elsewhere (e.g., in Eurasia), from the role of SSTs or from the atmospheric initial condition providing a pre-conditioning.
Relation with global climate patterns
The fact that the high snow years with the two most pronounced delays of the ISM (1983, 1998) were preceded by El Niño events, warrants some further investigation of the links with ENSO, one of the largest factors influencing the ISM (e.g., Kumar et al. 2006) , and with other large-scale teleconnection patterns. The question arises as to whether elevated April snow depths over HTP are linked to the ENSO phase in the preceding winter. Shaman and Tziperman (2005) found that El Niño could generate enhanced winter snowfall over HTP through a stationary wave and enhanced transient eddy activity. However, these results based on only 9 years of data were questioned by Yuan et al. (2009) who rather found that the IOD had a prevailing influence on HTP spring snow cover, inducing a quasi-stationary cyclonic anomaly and a strong southeasterly moisture flux into the region. Robock (2003) and Buermann et al. (2005) also suggested that the wintertime NAO/Arctic Oscillation influences spring snow depths over Eurasia.
In our study, only the ENSO index shows a significant correlation coefficient (r = 0.44, significant at 98 %) with April HTP snow depth, while those for IOD and NAO do not (r = 0.18 and r = 0.17, respectively). Further, Fig. 10a shows the scatterplot between normalized April HTP snow depth and the previously defined ENSO index. Four of the seven high snow April months are preceded by an El Niño (blue squares with red cross sign). However, there are also five instances of El Niño in neutral snow years (red crosses). Reciprocally, there are four low snow years cooccurring with La Niña (red circles with are blue plus sign), yet there are also three instances of La Niña with neutral snow (blue plus sign) and one with high snow (blue square with blue plus sign). The scatterplot between the normalized April HTP snow depth and the IOD index (Fig. 10b) shows that only two of the seven high snow April months were preceded by a (positive) IOD event. There is also a low snow year preceded by a positive IOD event and a high snow year preceded by a negative IOD event. Returning to Fig. 1 , we have plotted markings on top of the April HTP snow depths, indicating the phase of these three main climate patterns during the preceding autumn or winter. The 2 years (1983, 1998) with the most strongly delayed ISM (Fig. 5a ) were preceded by an El Niño, but both these 2 years were also preceded by positive IOD conditions in the Indian Ocean (Fig. 1 , red squares and triangles), with the 1997-98 IOD event being the strongest in recent decades. However, there are four other years with co-occurring El Niño and positive IOD in neutral snow years (Fig. 1 , red squares and triangles). NAO doesn't seem to exert any particular influence on HTP snow either (Fig. 10c) , e.g., there is one instance each of positive NAO preceding both a high snow year and a low snow year and one instance each of negative NAO preceding both a high snow year and a low snow year. This is consistent with Buermann et al. (2005) over 1979-2010 who showed the winter NAO (or Arctic Oscillation) influenced springtime snow cover only over Eurasia at mid and high latitudes, to the north of the HTP region. We have further analyzed the vertically integrated moisture flux into the monsoon region and its convergence during the winter (DJFM) preceding the anomalous HTP April snow depth, using the ERA-Interim reanalysis. The composite difference between high and low snow years is shown along with the climatology (Fig. 11a, b respectively) . These figures reveal that moisture availability to the HTP region is largely influenced by the strengthening of the seasonal sub-tropical westerly jet over the Arabian Peninsula that results in more moisture inflow into the HTP region.
Discussion
Model snow bias
In this study, not only are the atmosphere and ocean realistically initialized but so is also the land component, and in particular snow depth. Following this realistic snow initialization, there is a positive model bias leading to excessive persistence of snow depth noted in Fig. 4 , seen also in other regions like west and east Eurasia (not shown). However, this systematic bias does not affect our results since we are looking at composite differences. Further, the patterns and magnitudes of the high and low composites mirror each other when plotted separately rather than as a difference (not shown). This implies that, in spite of the high snow bias, our results are robust.
ENSO and climate patterns
The wintertime moisture availability over the HTP (Fig. 11) is consistent with the April snow depths. While the majority (4 out of 7) of high (low) snow April months correspond to El Niño (La Niña), the occurrence of El Niño (La Niña) in preceding winter does not imply necessary high (low) April snow (4 out of 10, 3 out of 7, respectively). Hence, we have to conclude that snow conditions over HTP in April do not seem to be uniquely related to a particular phase nor a joint coincidence of the three examined climate patterns during the previous winter (ENSO, IOD and NAO). Either some additional climate phenomenon must be simultaneously involved, or the ENSO influence could be random. The origin of the anomalous moisture fluxes in the subtropical or tropical region tentatively points to low latitude influence for this modulation. Further investigation of springtime wave trains across Eurasia (e.g., Li et al. 2008 ) is also warranted.
SSTs
The delayed monsoon onset in coupled GCM's has been attributed to the role of warm SST biases in the Pacific Ocean (Prodhomme et al. 2015) . Compared to ERAInterim however, Series 1 forecasts show an early onset bias, which, in a corollary sense, could be related to the cold SST bias over most of the Pacific basin over the period (Supplementary Fig. S1 ). The largest Fig. 13 Same as Fig. 12 , but for ERA-interim cold biases are confined to a narrow band in the eastern tropical Pacific in June (Fig. S1c) . The cold bias over the Arabian Sea in May-June (Fig. S1b,c) is consistent with surface cooling due to upwelling resulting from biased (early and stronger) mean monsoonal flow and consequently the mean early onset bias. In spite of the mean bias, composite analysis of SST shows similar results for Series 1 and ERA-Interim. Composite SST difference between high and low HTP snow years for both Series 1 (Fig. 12a-c) and ERA-Interim (Fig. 13a-c) show significant warm anomalies over the Arabian Sea in May-June which is consistent with a weakened monsoonal flow. There are also significant warm anomalies in the Pacific. However, the composite SST patterns associated with high and low HTP snow conditions are not mirror of each other over the Pacific basin, while this is the case in the Indian Ocean. This is true not only in Series 1 but also in ERA-Interim. The low snow composites show a La Niña-type horseshoe pattern over the Pacific , whereas the high snow composites, while showing warm SST in the Pacific, is however not a typical ElNiño like pattern (Figs. 12d-f, 13d-f) . Thus, it appears that the influence of a preceding La Niña is longer-lived during low snow years compared to that of an El Niño during high snow years, the influence of which weakens by April (Figs. 12f, 13f ).
Summer intra-seasonal oscillation
The ISM evolution is affected by the boreal summer intraseasonal oscillation (ISO). While its most notable manifestation is the active and break periods of the monsoon season, ISO can trigger the ISM onset and thereby modulate its inter-annual variability (e.g., Wheeler and Hendon 2004; Zhou and Murtugudde 2014) . There are signatures of ISOs in the TTG from ERA-Interim (Fig. 6a ). Individual forecast model members also display strong ISOs with phase and amplitude variations, but the ISOs are largely filtered out in the ensemble mean. The behavior of predicted ISOs is however beyond the scope of this study and could be better evaluated in medium-range forecasts (Fu et al. 2013 ). Since we are trying to delineate the impact on predictability of the slowly varying land surface, we are however interested in a mean delay of the onset and not in how individual ISO events trigger the onset.
Summary
In this study, the impact of snow initialization over the HTP region in springtime on the ISM onset was assessed in coupled seasonal forecasts with realistically initialized atmospheric, oceanic and land component. Composite differences associated with inter-annual snow depth anomalies over HTP are in close agreement with those found using reanalysis (Figs. 3, 5, 6 ). Our results are consistent with the Blanford hypothesis-when the HTP snowpack in April is anomalously high, persisting dry and warm surface conditions and negative precipitation anomalies over India in May-June indicate a delayed monsoon onset. The contrast between an anomalously high versus low snowpack over the HTP region influences the tropospheric heating in pre-monsoon months, delays the reversal of the TTG and the onset of the monsoon by up to 8 days. A sensitivity experiment with unrealistic (randomized) snow initial condition over the HTP region indicates that about half of the delay can be attributed to the impact of snow over the HTP region. The rest of the delay could arise from snow initialization elsewhere (e.g., over Eurasia), from SSTs or from the atmospheric initial state conditioning the snowpack build-up. Dedicated experiments could be further tailored to individually assess the impact of these factors separately, albeit coupled simulations at this high spatial resolution are computationally demanding. Finally, as noted in Sect. 3.3, there is not a clear one-to-one correspondence between high (low) HTP snow and late (early) monsoon onset years. This indicates that there are multiple forcing factors and complex ocean-atmospheric processes associated with the ISM onset. However, the delay attributable to HTP snow (4 days) is of the order of the interannual variability in modelled ensemble-mean ISM onset (5.5 days). Thus, in spite of this caveat, HTP snow is an important component of the inter-annual variability of the monsoon. Further studies should be devoted to determine the sources of inter-annual to decadal variability of the springtime snowpack over the HTP region and potential teleconnections.
